ABSTRACT One of the main targets of the Internet of Things (IoT) is the construction of smart cities, and many industries based on the IoT serve popular applications in a smart city. However, 3-D reconstruction constitutes a major difficulty in the construction of a smart city. In recent years, oblique photography technology has been widely applied in the rapid 3-D modeling and other aspects of smart cities. However, in the automatic construction of a 3-D mesh model for oblique photogrammetry, complex building geometries make it very difficult to construct a triangular mesh model. Therefore, a network construction method is needed that can not only effectively construct a 3-D mesh model but also address the results of auto-modeling for an oblique image. The representative network construction method is a huge triangulation network in which the constructed surface of the object does not satisfy the manifold features and it is inconvenient to optimize and edit the model, yielding a low network construction efficiency. To solve these problems, a new method for constructing a high-quality manifold mesh model is proposed in this paper. First, an adaptive octree division algorithm is used to divide the point cloud data into sub domains that cover each other. Then, a mesh reconstruction is performed in each sub domain, and an efficient mesh construction algorithm based on relabeling the vertices of the directed graph is proposed to construct the manifold mesh. Finally, a triangular facet orientation method is used to homogenize the normal vectors of the mesh. The experimental results proof that the proposed method greatly improves the mesh reconstruction, effectively reflects the model details, and possesses a strong anti-noise ability. Also, it has a good robustness and is particularly suitable for the 3-D reconstruction of large scenes and complex surfaces.
I. INTRODUCTION
With the proposal of the 12 th Five Year Development Plan for the IoT and other policies, the IoT has been developed as a key point of national technology and industry innovation. One of the main targets of the IoT is to build a smart city. Many industries and applications based on the IoT are serving popular applications in smart cities; in particular, the IoT forms the technological foundation for the construction of a smart city. However, a large gap exists between China and other developed countries regarding smart cities, thereby impeding the application and promotion of IoT technologies in developing a smart city in China. Therefore, to solve these problems, it is necessary to accelerate the application of IoT technologies in the construction of smart cities. Among the many obstacles associated with the background of IoT technologies, 3D city reconstruction constitutes a major difficulty in building a smart city. Oblique photography technology represents a new technology developed in the field of surveying and mapping in recent years, and it has been widely used in the 3D model texture collection and rapid 3D modeling of smart cities [1] .
Oblique photography can quickly acquire urban area images with multiple angles and large ranges, thereby overcoming the limitations of traditional images. In addition, oblique photography obtains more ground feature information, especially the facade information of a building, by tilting the camera. 3D models based on oblique images can be quickly established with the assistance of massively parallel computing, effectively reducing the modeling cost of a city's 3D model. Therefore, oblique photogrammetry has become the preferred choice for the 3D modeling of a city.
The construction of a 3D network is an indispensable step in 3D reconstruction. For oblique images taken by unmanned aerial vehicles (UAVs), the construction of a 3D network refers to the process of obtaining the spatial triangular grid based on the existing point cloud data (obtained through the intensive matching of oblique images) [2] . Compared with traditional photogrammetry, constructing a triangulation network using point clouds is a relatively complex issue. The point cloud generated by traditional photogrammetry is sparse, and the point cloud after dense matching mainly contains ground information with a small information on the facade of the building. The main purpose is to generate a digital surface model, which is used for correcting the digital orthophoto [3] . For oblique photogrammetry, it is difficult to construct a triangulation network, and the traditional 2D Delaunay method for constructing a 2.5-dimensional triangulation network is not applicable. In addition, the merged point cloud still contains noise and data redundancy. Therefore, a network construction method is required to effectively construct a triangular mesh model; furthermore, the noise and redundancy of the point cloud, the large scene, and the manifold surface should also be taken into consideration together with other issues.
At present, many algorithms for the construction of triangular mesh models have been proposed. The method proposed by Lawson [4] , which gradually inserts a point into the two-dimensional plane to construct the Delaunay triangulation, is widely known. Lorensen proposed the wellknown marching cubes algorithm [5] , which is another classic method for constructing an isosurface with triangular faces. As a result, it has been widely used in 3D reconstructions. In addition, Rocchini et al. [6] proposed the marching intersections algorithm. In this algorithm, the input is a continuous or discrete surface, and a grid is used to resample the input surface. Hilton et al. [7] proposed the marching triangles algorithm, in which the input is a surface expressed by implicit functions. The triangular surface is used to approximate the implicit surface according to the growth method, thereby satisfying the Delaunay rule. Bernardini et al. [8] proposed a ball-around-axis rolling BPA algorithm that can handle unevenly distributed and noise-containing point clouds. This method starts from a seed triangle and scrolls a sphere of known radius from a side of the triangle until it touches the next point. Finally, the second triangle and the grid analogy is formed. This method is simple and fast, but it has poor antinoise abilities and is only suitable for uniformly distributed point clouds; moreover, it is difficult to achieve a uniform distribution for dense matching points with oblique images. Alternatively, Amenta et al. [9] proposed a power crust algorithm; in this method, each sample point on the object surface corresponds to a Voronoi polyhedron through which the skeleton of the object can be found, and the vertex of the Voronoi polyhedron can form a sphere. The part where the inner and outer spheres intersect is the surface of the object. This method can obtain a watertight surface and can maintain the angular features well, but its ability to resist noise is not strong. Furthermore, Gregorski et al. [10] postulated that a B-spline could be used to fit the smooth surface of a set of discrete points, while Aganj et al. [11] proposed that a dynamic 3D model surface of an object could be constructed using a visual hull.
Some scholars have conducted extensive researches on surface fitting algorithms. Shen et al. [12] and Kolluri [13] proposed a Moving Least-Squares (MLS) algorithm to construct the surface of a point cloud. This method first partitions the space using a regular grid; then, it finds the point set in the vertex neighborhood, establishes the local implicit function surface with the sampling points, and calculates the distance from the vertex to the surface of the implicit function. Finally, the zero isosurface (the reconstruction surface) is obtained by the Macrhing Cubes algorithm. Guennebaud et al. [14] and Pratt [15] proposed a surface reconstruction method for APSS algebra. Similar to the above method, the algebraic distance is used to express the distance from the vertex to the fitting surface. The key idea is to fit the local higher-order algebraic surfaces rather than the planes. Berger et al. [16] proposed a more general algorithm based on the APSS algorithm by adaptively fitting the curvature of the sphere and simultaneously rendering the constructed surface. In this way, the visual effect to highlight the geometric features is improved. Adamson and Alexa [17] proposed a surface reconstruction algorithm based on the above algorithm that can address point clouds with a boundary and an inconsistent surface direction. Öztireli et al. [18] proposed the use of nonlinear kernel functions for local fitting purposes to preserve more structural features. Dey and Sun [19] proposed an adaptive local point cloud density to fit the local plane; compared with the traditional MLS algorithm, the constructed surface is smoother. Jenke et al. [20] postulated that Bayesian functions could be used to fit local planes; however, although the local fitting surface algorithm has a good reconstruction effect, its ability to resist noise is not strong.
The 3D structure of an urban area is complex and changeable, and the point cloud obtained by intensive matching has more noise. Thus, the triangulation network constructed is prone to problems such as holes and non-manifold surfaces. Labatut et al. [21] proposed a graph-cuts algorithm that divides the space into tetrahedrons and then weights the triangles and vertices based on the visibility of the light. In this way, the surface reconstruction problem was transformed into a maximum flow/minimum cut. In recent years, the Poisson network construction algorithm proposed by Kazhdan and Hoppe [22] has been a very popular 3D surface reconstruction algorithm. It is a global surface reconstruction algorithm that constructs a surface mesh based on the normal vector and the density of points. However, the network construction results of this method are particularly sensitive to normal vectors. When the normal vectors are inaccurate, the results of the network construction are not ideal. Calakli and Taubin [23] proposed the SSD algorithm to smooth the distance function of the surface reconstruction based on the Poisson surface reconstruction, obtaining a highquality manifold surface. Huang and Menq [24] optimized the topological structure of a curvature surface by curvature estimation. Furthermore, Taubin [25] proposed a method of subdividing and constructing a multilayer mesh based on the overall connection properties of a mesh by drawing lessons from the concept of coverage in algebraic topology.
The graph-cuts method for the 3D reconstruction of matching point cloud data of oblique images is a global optimization method with a network shape that is relatively stable and an anti-noise ability that is strong. However, the surface of the object solved by the traditional graph-cuts method is not a manifold surface. This paper improves the traditional graphcuts method, based upon which a new algorithm of relabeling the vertex of the directed graph is adopted to realize the construction of the 2D manifold mesh. An initial model for the subsequent simplification and optimization of the mesh model is provided. At the same time, because the graph-cuts method needs to satisfy the Delaunay rules when constructing a tetrahedron, the efficiency of constructing the network is not high, especially for the 3D reconstruction of large scenes and complex surfaces. In particular, triangular mesh construction algorithms still exhibit a low efficiency.
The octree space partitioning algorithm is a commonly used space partitioning algorithm that can greatly improve the model reconstruction efficiency [26] . Schoeder and Shephard [27] proposed an estimation method with a point normal vector of 3D scattered data based on an octree. In this method, the topological relationship between points is established using the octree structure, following which the neighborhood of the scattered points can be conveniently and quickly calculated; consequently, the computational efficiency is greatly improved. In 2003, Ohtake et al. [28] applied the adaptive octree partitioning method to implicit surface reconstruction to quickly and efficiently realize the model reconstruction of point cloud data. In addition, Fairfield et al. [29] used the octree space partitioning algorithm to restrict the search area to the point sets of neighboring cubes and quickly achieved triangular mesh reconstruction. The splitting efficiency can be improved if the average number of points in the space is small, but this may result in loopholes and cause a certain amount of invalid calculations. Accordingly, Biniaz et al. [30] proposed a triangulation algorithm based on spatial grid division that improves the splitting efficiency and retains the detailed features of buildings; however, this improved algorithm contains the redundancy of triangular facets. Therefore, this paper proposes a new solution for the rapid construction of a high-quality manifold triangular mesh model. First, an adaptive octree space partitioning algorithm is used to divide the entire dense point cloud data set into smaller sub domains, and these sub domains are set to cover each other. Then, the triangular mesh model is reconstructed in each sub domain with the improved graph-cuts method. Finally, mesh optimization and normal vector conformance processing are performed on the generated mesh to reconstruct the surface model of the entire point set. Our contributions are twofold 1) The adaptive octree space division is adopted to solve the difficult problems of the traditional surface model reconstruction method, such as considerable time consumption and low efficiency. 2) We propose a method of constructing a manifold mesh model using the vertex relabeling algorithm. For the efficient automatic construction of a 3D mesh model with oblique images, the proposed algorithm can not only generate a manifold triangular mesh model but can also achieve a strong anti-noise capability, a high computational efficiency, and an effective overall optimal surface reconstruction of the model.
The remainder of this paper is organized as follows. In Section 2, we describe in detail the different steps of our method of constructing a manifold mesh model: adaptive octree space division, constructing the manifold mesh based on the graph-cuts method, grid optimization and homogenizing the normal vectors. Section 3 presents some numerical experiments that demonstrate the performance of the proposed algorithm. Section 4 discusses the conclusions and the main innovations of this paper.
II. METHODS
The goal of this paper is to realize the construction of manifold mesh model based on oblique images in the background of the IoT. First, data acquisition devices such as sensors and cameras are used to acquire oblique image data. Then, these data is analyzed and processed using the image processing technology. Finally, a complete manifold mesh model is constructed. The process of constructing a manifold mesh model based on IoT is shown in Figure 1 .
A. ADAPTIVE OCTREE SPACE DIVISION
Since processing a large amount of point cloud data may take a considerable amount of time, a space segmentation algorithm is usually used to divide the point cloud data set before processing [31] . The octree spatial segmentation algorithm is a commonly used space segmentation algorithm, but the number of octree segmentations and formed sub domains are usually determined by the depth of recursion, which may unnecessarily waste both space and time [32] . For example, in the segmentation process, since the segmentation of nodes at the same level is synchronized, the point cloud data are not evenly distributed in each sub domain; this may cause unnecessary segmentation for an empty sub domain.
To solve this problem, an adaptive octree tree space division algorithm is used in this paper to divide point cloud data into smaller sub domains that cover each other. Then, a triangular mesh model is reconstructed in each sub domain with an improved graph-cuts method. The condition for stopping each node division process is that the number of point clouds in this sub domain is smaller than the adaptive parameter K . This effectively avoids unnecessary segmentation and saves time and space for subsequent grid reconstruction. The adaptive parameter K is selected with different values according to the point cloud density. The value of K directly affects the efficiency of the grid reconstruction and the quality of the generated mesh. When the value of K is too large, there is an excessive number of points in each sub domain. Although the quality of the generated mesh will be improved, the efficiency will be very low. When the value of K is too small, the quality of the generated mesh will be affected, and the efficiency will be faster, but the excessive subdivision will also lead to a decrease in the efficiency. Assuming that the value of K is the mean value of the number of points in the unit sub domain, the time complexity of the adaptive octree division is approximately O(N 2 /K ), and that of the triangular mesh reconstruction after division is approximately O(KN ). In this paper, to minimize the overall consumption time, a time function f (x) is defined as follows:
where N represents the number of point clouds. K = √ N can be obtained by solving the extremum of Equation (1). Due to the uneven distribution of data points, the average value K cannot accurately reflect the adaptation efficiency. We add the influence coefficient in the experiments. After several tests, when the influence coefficient is 0.5, the reconstruction speed is the fastest, and the reconstruction effect is improved.
Given the input point cloud data (
, where R represents the whole point cloud dataset, the maximum and minimum values (x max , x min , y max , y min , z max , z min ) of the points in the point set in three directions (x, y, z) are first calculated. Then, based on these data, an initial rectangular bounding box containing the entire point set is constructed and taken as the root node of the octree. The root node is then evenly divided into eight equal-sized cuboids called the child nodes of a root node according to the division conditions, and the child nodes are further divided into eight smaller cuboids until the separation condition is reached. An adaptive spatial division of the whole point cloud data is eventually generated.
The octree segmentation process is shown schematically in Figure 2 .
In this paper, a support radius R is defined for each cuboid:
where d is the diagonal length of the cuboid, and α is a customized constant. When α is more than 0.5, each sub domain with a cuboid center as its center and R as its radius will assuredly cover each other. This paper takes a value of 0.6 for α. A schematic of the sub domain formed by the segmentation is shown in Figure 3 . VOLUME 6, 2018
B. CONSTRUCTING THE MANIFOLD MESH BASED ON THE GRAPH-CUTS METHOD
After dividing the whole dense point cloud data into smaller sub domains using the adaptive octree tree space division method, the next step is to reconstruct the triangular mesh in each sub domain using the graph-cuts method. The graph-cuts method is suitable for the 3D reconstruction of large scenes and complex surfaces, but the constructed 3D surface does not satisfy the manifold characteristics. This paper makes improvements based on the traditional method and solves this problem by relabeling the vertices of the directed graph.
1) THE PRINCIPLE OF GRAPH-CUTS SURFACE RECONSTRUCTION
The graph-cuts issue is a classic problem in graph theories. For this problem, previous researchers have already proposed a mature solution method [33] , [34] . Imagine if we can turn the spatial expression of a network into a form of a ''chart''; then, we can turn the network-building problem into a graphcuts problem and obtain an efficient solution. This is the basic idea of surface reconstruction using the graph-cuts method, the main principles of which are as follows. First, the Delaunay tetrahedral set is generated by Delaunay triangulation for the matched point clouds. Then, the surface extraction process is treated as a binary mark problem. The visibility of the tetrahedron is obtained according to the matching source of 3D points. The possibilities of the tetrahedron being inside (on the real model and needing to be retained) and outside (outside of the real model and needing to be deleted) are judged by the visibility of the tetrahedron, and the corresponding mark should be made. Finally, the surface triangular facets, which should be preserved, are obtained using the graph-cuts method; these triangular facets form the required 3D surface mesh. Surface reconstruction using graph-cuts is mainly based on the following definitions:
Definition 1: In the connected graph G(V , E) with a direction and weight, there are two special nodes, namely, S and T (the source and sink, respectively), and there is a path between them. Multiple paths can share one node.
Definition 2: By deleting some of the edges of these paths, there is no connection between S and T . The collection of deleted edges is labeled S − T cuts.
Definition 3: We call the problem of weights and the smallest S − T cuts the min-cut problem. In operational research, the minimum cut problem is equivalent to the maximum flow problem. The minimum cut and maximum flow theorem is defined as follows: the maximum flow of the graph G is equal to the cut capacity of its minimum cut.
The process of constructing a manifold mesh in this paper is shown in Figure 4 .
2) BUILDING ENERGY FUNCTIONS
In this paper, we solve the mesh reconstruction problem based on the graph-cuts method given the directed graph 
G = (V, E)
, where V is the vertex set, and E is the edge set. Each edge is given a non-negative weight, and V is composed of two different types of vertices. There are two special points: s is called as the source point, and t is called as the sink point. The s − t cut of the graph G is expressed as C = (S, T ), which divides the vertex set V into two classes, namely, S and T, and s ∈ S, t ∈ T . The cost of the s − t cuts is expressed as follows:
which is the sum of the weights of all edges connecting the vertex S and vertex T. This paper transforms the surface reconstruction problem into the problem of maximum flow/minimum cuts in a directed graph. The minimum s − t cut means finding a cut C with the smallest cost value. Ford Jr. and Fulkerson (2015) clarified that the minimum cuts problem can be converted into the problem of maximum flow from the source node s to the end node t. There are many classic algorithms that can solve this problem at present. The minimum cuts problem can also be regarded as a problem of vertex binary labeling. If two tetrahedral marks in a triangular facet neighborhood are different, the triangular facet is the reconstructed surface.
Before constructing the mesh model, the tetrahedron should first be constructed. This paper constructs a tetrahedron by gradually inserting a point. The vertices of the tetrahedron not only store the 3D coordinates but also store the visual information of this point. Because the point cloud data are redundant and high in density, it is necessary to aggregate the vertices when constructing a tetrahedron. Before inserting a 3D point, the nearest vertex in the tetrahedron from this 3D point must be queried, and the projection distance of these two points on all visible images should be calculated. If the projection distance is more than the given threshold, this point is inserted into the tetrahedron. If the projection distance is less than the given threshold, the coordinates of the vertex of the nearest tetrahedron are updated, as shown in Figure 5 . The update method is as follows: first, the list of aggregation points is complemented with the two aggregation points from which the candidate point was generated, then the updated list of aggregation points is used to recalculate its position, and the Delaunay tetrahedron is modified accordingly. The tetrahedron vertices also store the aggregated point set in addition to the visible information. The coordinates of the tetrahedron vertices are the average values of the coordinates of the aggregated points, and the visible information of the tetrahedron vertices constitutes the union of the visible information of the aggregated points.
Reasonably constructing a directed graph G is a key step in implementing mesh reconstruction based on the graph-cuts method. In this paper, the Voronoi dual graph of the Delaunay tetrahedron is treated as a directed graph G. The vertices of the directed graph correspond to a Delaunay tetrahedron, and the edges of the directed graph correspond to the triangular facets between the tetrahedrons. In addition, the directed graph must have some vertices connected to the source point s or the end point t. The tetrahedron containing the photographic center is assigned to the set s, and the tetrahedron extended backward by the vertex is assigned to the set t. We express the reconstructed surface as S. From the above discussion, we can see that S is a set of Delaunay triangles. The constructed energy function E is expressed as follows:
where λ smooth is the weight of the smooth item E smooth (S), and E smooth (S) is the energy of the visible information of the surface S, which is discussed in detail in the next section. E (S) is the energy function of the surface S, and it also represents the cost of the s − t cuts. Therefore, the problem of minimizing the energy function E (S) is the minimum cuts problem of the directed graph G.
3) ADDING WEIGHTS OF THE DIRECTED GRAPH
Compared with the classic Poisson reconstruction method, the graph-cuts reconstruction method fully considers the visibility constraints and has a strong anti-noise ability. Namely, it eliminates the noise points generated by mismatching through the visibility restriction of the 3D points. The graphcuts method can take the imaging conditions into account, automatically balance the noise and occlusion relationship through the light constraint, and extract the optimal surface. Therefore, it is suitable for 3D point clouds obtained by image matching. The graph-cuts reconstruction method does not require the extraction of the visual hull from the image and can reconstruct not only short-range objects but also large scenes. Before solving the object surface by the graph-cuts method, the weights of the edges of the directed graph G should be added. The triangles (the edges of the directed graph G) are weighted by the visibility of the points, and this weight determines the energy items E vis (S). The vertices of the tetrahedron form a ray with the photographic center, which weights and accumulates the triangles passing through it. Considering all of the vertices of the tetrahedron and all of the photographic centers, the weights of the triangles can be obtained. The weighting principle is shown in Figure 6 .
When a triangular facet is crossed by a ray, the accumulated weight of the corresponding edges in its dual graph is expressed as follows:
This approach is different from the method proposed by Jancosek and Pajdla. This paper considers all of the visual information. α vis denotes the contributed weight of this ray, N c (X ) represents the number of visible images of the 3D surface X, and s (V ) is the aggregation point set of the vertex V lim x→∞ of the tetrahedron. The tetrahedron with the center of photography is denoted as s, and the tetrahedron vertex moves backwards with a small distance δ. The tetrahedron with this distance δ is denoted as t. The contributed weight of s of this ray is infinite, and the weight of t is α vis . VOLUME 6, 2018 FIGURE 7. The islanding phenomenon in the reconstructed surface. The two circles in the figure represent the points and edges that do not satisfy the manifold characteristics.
After weighting the triangles crossed by all the rays emitting from the vertices of the triangulation, the weights are attached to the edges of the Voronoi graph according to formula (5) . Then the path with the smallest weight is selected according to a ''vote'' method. This path is the optimal triangle. It should be noted that the outermost triangle can't be cut out according to the above definition if there is a valid triangle, so an infinite point is given in this paper to construct an outermost tetrahedron, which can effectively avoid the void surface.
The construction of the smooth item is based on the principle that the surface area of triangulation is the smallest. The construction of the smoothing item is shown as follows:
In the directed graph G, the weight of the smoothing term of each edge is the area of the corresponding triangular facet T .
In the last step, the tetrahedron is marked as either s or t representing a tetrahedron either outside the surface or inside the surface, respectively. The output triangular mesh is the triangulation between the tetrahedrons with different marks, indicating that the reconstructed triangular mesh is located in the Delaunay tetrahedron. The overall optimal mark of the tetrahedron can be effectively solved by the graph-cuts method.
4) CONSTRUCTING A MANIFOLD MESH BY RELABELING THE VERTICES
After weighting the directed graph according to the method described in Section 2.2.3, the surface solved by the graphcuts method does not satisfy the manifold characteristics because the graph-cuts method only makes the optimal labeling of the vertices in the directed graph G, and it does not consider the geometric properties of the tetrahedron vertices. Due to the influence of noise in the point cloud, the marked tetrahedron will appear as an islanding phenomenon, as shown in Figure 7 . As a result, the vertices or edges that connect the island and the surface will not satisfy the manifold characteristics. As a result of the proboscis phenomenon shown in Figure 8 , the vertices or edges that connect the end of the proboscis and the surface will not satisfy the manifold characteristics. In addition, as a result of the overlap phenomenon shown in Figure 9 , the two vertices and edges at the ''cross'' will not satisfy the manifold characteristics.
The above problems in 3D surface reconstruction by the graph-cuts method will affect the accuracy and speed of the subsequent mesh optimization processing, so the manifold processing is needed to generate manifold mesh models. A tetrahedral vertex relabeling algorithm is proposed in this paper to reconstruct the manifold surface. After the directed graph G is marked by the graph-cuts method, the vertices of the directed graph are divided into the set S and set T , and they satisfy S ∪ T = V and S ∩ T = NULL. The reconstructed surface is composed of all directed edges that point from the vertex t to the vertex s, which is the directed triangular facet between the tetrahedron labeled t and the tetrahedron labeled s. Therefore, the reconstructed mesh can contain different triangular facets by relabeling the tetrahedrons, thereby changing the local features of the reconstructed surface.
The specific solution is to start from the vertices of the tetrahedron, and the tetrahedrons in each vertex neighborhood are relabeled so that the vertices satisfy the manifold characteristics, thereby ensuring the manifold characteristics of the edges. First, the tetrahedron in the vertex neighborhood is determined and clustered according to the marked value and the spatial adjacency relationship. The clustering result is shown in Figure 10(a) . If the number of cluster groups is one, this vertex is not the vertex of the reconstructed surface. If the number of cluster groups is two, this point is the point of the reconstructed surface and satisfies the manifold characteristics. If the number of cluster groups is more than two, this point is the point of the reconstructed surface, but it does not satisfy the manifold characteristics. Then, the tetrahedron in the vertex neighborhood with the number of cluster groups more than two is relabeled, and the number of cluster groups is not more than two to ensure that the manifold characteristics are satisfied, as shown in Figure 10(b) .
Here, we will discuss the clustering and relabeling algorithms in detail. The clustering algorithm is shown in Figure 11 .
The tetrahedrons are clustered according to the adjacency relationship by means of growth. If the number of clustering groups is more than two, the tetrahedrons in this vertex neighborhood need to be relabeled. When the number of clustering groups is three, the largest clustering group is retained, and the remaining tetrahedrons are marked as different from the largest clustering group. For example, if the largest clustering group is labeled t, then the remaining tetrahedron is labeled s, as shown in Figure 9 . When the number of clustering groups is more than three, the labeling condition in the vertex neighborhood is complex, and it is difficult to make this vertex satisfy the manifold characteristics by means of relabeling. Therefore, the reconstructed surface will not include this vertex. The number of t and s tetrahedrons within the vertex neighborhood are counted, and the vertex neighborhood is changed to a numberdominant mark.
C. GRID OPTIMIZATION 1) REMOVAL OF THE REPEATED GRID
Spatial division by the adaptive octree method can cause mutually covered point sets between the divided sub domains. In this way, although the process of grid splicing is avoided, the formed triangular grid will have certain repeated triangles. The process of removing duplicate triangles is as follows: if a triangle ABC is known, find the triangles that are the same as its three vertices (including ABC, ACB, BAC, BCA, CAB, and CBA); then, one of them is retained, and all remaining triangles are deleted.
2) NORMALIZING THE GRID
There will be a small number of grids with poor regularity after reconstructing the grid. In this paper, a common optimization method is used to normalize the grid. For each spatial quadrangle formed by two triangles with a common edge, the maximum angle is minimized to normalize the grid. The specific steps are as follows:
(1) The maximum angle of a space quadrilateral is calculated.
(2) If there are two diagonal lines in the spatial quadrilateral, as shown in Figure 12(b) , the diagonal line that divides the maximum angle is retained.
(3) If there is only one diagonal line in the spatial quadrilateral, it needs to be considered in several cases. If the diagonal line does not divide the maximum angle of the quadrilateral, as shown in Figure 12(a) , the diagonal line is discarded and another diagonal line is connected. If the diagonal line itself has divided the maximum angle of the quadrilateral, as shown in Figure 12(c) , the quadrilateral is a normalized quadrilateral and does not need any processing.
The grid normalization diagram is shown in Figure 12 . 
D. HOMOGENIZING THE NORMAL VECTORS
Because the algorithm proposed in this paper is designed to perform triangular mesh reconstruction in each sub domain of the segmentation, the normal vector of the generated triangular facet may be inconsistent, which will introduce difficulties in subsequent drawing operations. In this paper, a method is used in which the triangle facet is oriented to homogenize the normal vector. The harmonization process is as follows. First, a triangle T 1 is selected, the vertices are respectively labeled with A, B, and C, and the order is ABC. Then, the triangle T 2 that has the same edges as the triangle T 1 should be located, and the vertices should be labeled with A, B, and D (or A, C, E or B, C, F) ; regardless of the original ordering of A, B, and D, its vertex order is changed to BAD. In this way, a seed triangle spreads until all triangles are traversed, and the normalization of the normal vector is completed. The vertex ordering after homogenizing the normal vectors is shown in Figure 13 .
III. EXPERIMENTS AND ANALYSIS
To verify and analyze the performance of the proposed algorithm, the feasibility of the improved graph-cuts surface reconstruction method is first analyzed in this paper. Then, the practicability of the method is verified by randomly adding noise and outliers to the input data. Finally, the improved graph-cuts method is used to analyze the experimental data.
A. FEASIBILITY ANALYSIS OF THE METHOD
To verify the effectiveness of the mesh surface reconstruction method proposed in this paper, considering that a large range of the experimental data is limited and the processing efficiency is slow, we use the Stanford rabbit model instead of a large-scale point cloud data model to evaluate the algorithm. To prove the feasibility of the improved method, noise and outliers are randomly added to the input data.
1) EFFECT OF NOISE ON THE ROBUSTNESS OF THE ALGORITHM
Any sampling model contains a certain amount of measurement error. The anti-noise ability of the improved algorithm can be reflected by adding several different noise patterns to the model, as shown in Figure 14 .
We added isotropic Gaussian noise to the initial point cloud data of the 3D Stanford rabbit model. Then, we changed the Gaussian noise pattern to be anisotropic and adjusted the noise level by the threshold. Under the interference of these two kinds of noise, many different methods obtained ambiguous results. Figure 14(a) shows the reconstructed results of the power crust method. Holes evidently begin to appear in the model generated under the noise with a threshold of +0.8 d, following which degradation of the model quickly occurs, and the details of many components, such as the rabbit's ears, knees, and front paws, are lost. Figure 14(b) shows the reconstructed results of the Poisson method. Although a smooth model surface is also obtained at high noise levels, when the noise level reaches +2 d, some degradation phenomena still appear. Finally, Figure 14 (c) shows the reconstructed results of the improved method proposed in this paper. A watertight surface can still be obtained when the noise level is +2 d, but when the noise level reaches +3 d, the model will still be degraded. However, the degradation is relatively gradual, and even if the model is degraded, it is still a watertight and directed surface.
2) THE EFFECT OF RANDOM OUTLIERS ON THE ROBUSTNESS OF THE ALGORITHM
For large-scale data, there are often some outliers when the data are sampled or generated. In this paper, random outliers are added to the 3D Stanford rabbit model to show the results of the improved method and the several other different algorithms, as shown in Figure 15 and Figure 16 .
Within the boundary range, the locations of the outliers in the test are randomly added, and there is no regularity. Figure 15 shows the results of several mesh construction methods when a small number of outliers are added. Figure 15 shows the results of several mesh construction methods when a large number of outliers are added. Figure 16(a) shows the point cloud data with the addition of 60000, 350000 and 890000 outliers, and Figure 16(b) shows the results of the Poisson surface reconstruction method. Figure 16(c) shows the results of the improved method of this paper. From the tested results shown in Figure 15 and Figure 16 , it is evident that the results of other methods are not satisfactory, and they cannot provide an effective surface reconstruction. The Poisson method has a strong ability to address outliers and can produce a better 3D surface; however, this method may exclude some randomly added outliers when estimating the normal vector domain. In this case, we cannot fully confirm that the Poisson method can overcome such outliers.
In the improved method of this paper, for the case of a large number of outliers exceeding more than 50% of the sampling points, this method can still provide satisfactory results. Although the given surface exhibits slight degradation, the results still prove that the global optimization strategy of this method has a good effect on resisting outliers.
The experimental analysis in Sections 3.1.1 and 3.1.2 shows that the improved surface reconstruction algorithm of this paper can achieve better 3D reconstruction results when encountering point cloud data with noise or outliers.
3) ANALYSIS OF THE EXPERIMENTAL RESULTS OF THE ADAPTABILITY OF THE PROPOSED METHOD
To verify the adaptability and versatility of the proposed method, general data provided by the Department of Information Engineering of the National Taiwan University were selected. The size of the experimental data is as follows: dinosaur, 197 kb; horse, 290 kb; Stanford rabbit, 1093 kb. Table 1 shows the experimental results of some model data.
Upon comparing the experimental results shown in Table 1 , that the improved algorithm greatly improves the reconstruction efficiency compared with the original graph-cuts method. Moreover, with an increase in the point cloud data, the increased multiples generally show an increasing trend. The results of the model surface reconstruction are shown in Figure 17 to Figure 19 Figure 17 to Figure 19 demonstrate that the improved algorithm of this paper can reconstruct the surface of the point cloud model well, and the detailed features are obvious. In particular, the improved algorithm can be applied to many VOLUME 6, 2018 different models and has a strong adaptability and robustness. In the next section, we introduce the application of this algorithm to large-scale point cloud data. 
B. EXPERIMENTAL RESULTS ANALYSIS OF OBLIQUE IMAGE DATA 1) EXPERIMENTAL DATA AND ENVIRONMENT
To verify the validity of the method proposed in this paper for oblique images with a large data volume, we chose a real oblique image of Shandong Jianzhu University in China. The experimental image acquisition platform is a multi-rotor, five-lens oblique photography nacelle, which consists of five digital cameras with one upright camera and four oblique cameras with a 45ř angle layout in four directions. The images acquired by the five cameras are all 6000 * 4000 pixels. The weight of the cloud platform is 840 g, the carrying platform is DJI M600, and charge-coupled device (CCD) pixel size is 5 pcs. The focal length of the upright camera is 25 mm, and the focal length of the oblique camera is 35 mm. When acquiring data, the flight altitude is set at approximately 200 meters; the heading overlap is 75%, and the lateral overlap is 70%. The experimental computer environment is a Windows 7 operating system with 32 GB computer memory, and the CPU is an Intel (R) Core (TM) i7-4790. Figure 20 shows the oblique images of each perspective of the experimental area of Shandong Jianzhu University.
2) ANALYSIS OF EXPERIMENTAL RESULTS
The improved graph-cuts mesh construction method proposed in this paper can construct a watertight mesh model. The reported method proposed by Jenke et al. [20] is improved in Section 2.2.4 of this paper to realize the construction of a manifold mesh, as shown in Figure 21(d) .
The method proposed in this paper is first compared with the RIMLS method proposed by Aganj et al. [11] and Shen textitet al. [12] and the APSS algebra surface reconstruction method proposed by Kolluri [13] . Both of these algorithms construct mesh surfaces by an MLS algorithm. Figure 21(a) shows a dense point cloud after image matching containing noise and an uneven density of point clouds. Figure 21(b & c) shows the mesh surface obtained by the APSS algorithm and the RIMLS algorithm, respectively. Figure 21(b & c) demonstrate that the mesh models obtained by these two algorithms are effectively similar and contain holes. Figure 21(d) shows the mesh surface obtained by the algorithm proposed in this paper. Although the oblique images have large perspective distortions, resolution differences, and dense matching problems such as noise and occlusion, the mesh model (Figure 21(d) ) reconstructed by the algorithm of this paper has no holes, the model is smooth, and the edge and corner features are maintained, as is the rich geometry information of the architecture.
Compared with the classical Poisson reconstruction method, the graph-cuts reconstruction method fully considers the visibility constraints and has strong anti-noise abilities, as shown in Figure 22 . The Poisson algorithm is a global surface reconstruction algorithm; it constructs a surface mesh based on the normal vector and the density of points. However, the constructed mesh model can easily form a closed sphere, as shown in Figure 22(a) . By contrast, the graph-cuts method is more suitable for constructing the mesh model of a large scene. Table 2 and Figure 23 show a comparison of the three algorithms with regard to the computational time and model data size, among other parameters. Table 2 and Figure 23 demonstrate that the efficiencies of the RIMLS algorithm and the APSS algorithm are relatively low for a large amount of oblique images, and the data volume of the model is relatively large. The adaptive octree space division algorithm is adopted in the method proposed in this paper to segment point cloud data, so the efficiency of the mesh construction is greatly improved. In addition, the mesh quality is better, which can effectively reflects the model details, and the amount of data of the model is also significantly reduced. It is especially necessary to note that when the data set of the triangular facets is small, the observation value is not sufficient, and local energy minimum values may occur. However, the energy function constructed in this paper can skip the local minimum value and ultimately obtain a global minimum value. This shows that our algorithm is stable and has a high convergence efficiency and strong robustness. Therefore, the method proposed in this paper is effective for the mesh construction of oblique images with large scenes.
3) ANALYSIS OF EXPERIMENTAL EFFICIENCY

IV. CONCLUSIONS
In this paper, the IoT is taken as the construction background, and a new method for quickly and efficiently constructing a high-quality manifold mesh model is proposed by employing detailed theoretical research. This method is particularly suitable for the 3D reconstruction of large scenes and complex surfaces. The main innovations are as follows: the adaptive octree space division algorithm is adopted to solve the difficult problems, such as a considerable time consumption and low efficiency, associated with traditional surface model reconstruction methods; moreover, the vertex relabeling method is adopted to construct a manifold mesh model, thereby providing an initial model for subsequent mesh simplification and optimization endeavors. The specific methods of the improved algorithm in this paper are as follows: first, an adaptive octree division algorithm is used to divide the point cloud data into sub domains that cover each other. Then, triangular mesh reconstruction is performed in each sub domain to avoid the process of grid splicing. Delaunay tetrahedrons are used to decompose the space, visual information is used to weight the Voronoi diagrams, and the graph-cuts method is used to reconstruct the surface of the object. The traditional graph-cuts method is improved by grouping and relabeling the tetrahedrons attached to each vertex in the s − t graph; the group numbers of s and t per vertex are at most two to obtain a manifold surface and satisfy the half-edge data structure. Finally, triangular mesh optimization is performed by minimizing the maximum angle, and a triangular facet orientation method is used to homogenize the normal vectors of the mesh. The effectiveness and versatility of the proposed algorithm in this paper are verified experimentally. The efficiency of the mesh construction model is high, especially for a large volume of matching point cloud data of UAV oblique images; furthermore, the effect is better, and the proposed method will provide some help for the subsequent 3D reconstruction of UAV images.
